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Reforestation of agricultural lands is an important means of restoring land and sequestering C. At 
large scales, the labour and costs of direct measurement of ecosystem responses can be 
prohibitive, making the development of models valuable. Here, we develop a new sampling 
scenario-based modelling approach coupled with Bayesian model averaging (BMA) to build 
predictive models for absolute values in mixed-species woody plantings, and differences from 25 
their adjacent pasture, for litter stocks, soil C stocks, and soil C:N ratios. Modelling scenarios of 
increasing data availability and effort were tested. These included variables that could be derived 
without a site visit (e.g. location, climate, management), that were sampled in the adjacent 
pasture (e.g. soil C and nutrients) or were sampled in the environmental planting (e.g. vegetation, 
litter properties, soil C and nutrients). The predictive power of models varied considerably among 30 
C variables (litter stocks, soil C stocks and soil C:N ratios in tree plantings, and their differences to 
their adjacent pastures ) and the model scenarios used. The use of a sampling scenario-based 
approach to building predictive models shows promise for monitoring changes in tree plantings 
following reforestation. The approach could also be readily adapted to other contexts where 
sampling effort for predictor variables in models is a major potential limitation to model utilization. 35 
This study demonstrates the benefit of exploring scenarios of data availability during modelling, 
and will be especially valuable where the sampling effort differs greatly among variables. 
  
INTRODUCTION 
Carbon trading schemes are developing around the world as a means of mitigating global climate 40 
change. While the nature of individual schemes differs, they all involve the making of payments 
for activities that sequester C. Therefore, monitoring and evaluating C sequestration is essential to 
the success of these schemes. Soils contain one of the largest pools of C on the planet, and are a 
major focus for sequestration activities (Parras-Alcántara & Lozano-García, 2014; Muñoz-Rojas et 
al., 2015; Parras-Alcántara et al., 2015; Novara et al., 2016). This is because the global soil C pool 45 
has been reduced substantially (e.g. up to 60% decrease in temperate regions) following 
conversion of native vegetation to agricultural production (Lal, 2004). There is potential to reverse 
this decline in soil C in a number of ways, including reducing soil disturbance (Minoshima et al., 
2007; Parras-Alcántara & Lozano-García, 2014), adding amendments to the soil (Ng et al., 2014; 
Srinivasarao et al., 2014; Cavagnaro, 2015), and planting tress on degraded and marginal 50 
agricultural lands (Paul et al., 2003; Cunningham et al., 2015a). 
Reforestation of agricultural lands is an important means of sequestering C (Paul et al., 
2002; Cunningham et al., 2015a; Cavagnaro et al., 2016), as well as providing habitat for native 
plants and animals, reducing erosion and improving water quality (Cunningham et al., 2015b). 
Tree plantings contain three major C stocks: plant biomass (both above- and below-ground), plant 55 
litter and soil C. Stocks of C in these pools can be substantial (Novara et al., 2015; Cavagnaro, 
2016) with typical stocks of C in plant biomass, litter and soil being 150, 25 and 120 Mg ha-1 
respectively in mature forests compared with 5, 1 and 90 Mg ha-1 respectively in agricultural fields 
(Cunningham et al., 2015b). 
Above-ground biomass of forests can be readily quantified or modelled (Paul et al., 2013; 60 
Paul et al., 2015). While litter stocks can be modelled (Paul et al., 2003), this can be difficult for 
mixed-species plantings (compared with single-species plantations) due to variation in the plant 
species present, and their litter inputs and decomposition rates. Accurately estimating changes in 
soil C stocks following reforestation is challenging, and typically requires intensive field sampling 
(Allen et al., 2010; Chaudhuri et al., 2011; Cunningham et al., 2012) and access to specialised 65 
analytical techniques (Baldock et al., 2014). 
In addition to sequestering C above- and below-ground, reforestation can change soil 
chemistry (Berthrong et al., 2009; Jiao et al., 2012; MacKay et al., 2016), with potentially 
important consequences for C cycling and sequestration (Cunningham et al., 2015b). For example, 
soil C:N ratios can increase with reforestation, which can affect microbially-mediated 70 
decomposition of soil organic matter (Paul, 2006; Fierer et al., 2009; Harrison & Bardgett, 2010) 
and thence, C sequestration (Hoogmoed et al., 2014b). Similarly, a shift towards a less labile C pool 
has been observed following reforestation (Cunningham et al., 2015a). 
While direct measurement is clearly the most accurate way to monitor C stocks and 
sequestration, it requires intensive sampling for accurate estimates and, therefore, is labour 75 
intensive and cost prohibitive over large areas. This is especially true of soil C and other soil 
properties (Baldock et al., 2014), and for other C stocks such as leaf litter. In contrast, modelling C 
stocks and dynamics provides a pragmatic solution for evaluating C sequestration, as it does not 
require intensive field work after development. For example, models of C accounting, forest 
growth, and litter decomposition can be linked to predict changes in tree biomass, plant litter and 80 
soil C after reforestation (Paul et al., 2003). Similar process-based models have been developed for 
C dynamics in agroecosystems (Parton et al., 1994; Coleman & Jenkinson, 1996). Although such 
models are used widely in making predictions of C stocks and dynamics, as with all models, they 
require validation and potentially recalibration prior to use in new areas and land-use contexts.  
An alternative to process-based modelling is the development of correlative models. This 85 
approach is especially useful where the response variable is difficult and/or expensive to measure, 
but might be predicted using easily-measured environmental variables (Jardine & Siikamäki, 2014). 
This approach has been used to develop predictive models for soil C on a national scale (McNeill et 
al., 2014). Such modelling approaches generally consider a suite of potential predictor variables 
and use a step-wise reduction process to select the simplest and best performing model. However, 90 
this does not consider the relative effort required to measure different predictor variables. For 
example, if the predictor variables in a model require as much or more effort to collect than the 
response variable, then a modelling-based approach is less practical than a field survey. To 
address this problem, we developed and presented, a modelling approach that tested a series of 
sampling scenarios using combinations of variables that require different amounts of effort to 95 
obtain. Modelling scenarios could include using potential predictors that require data collected 
on-site, using predictors that can be derived remotely, or using both on-site and remote predictors. 
Ultimately, the most useful model will use easily-collected variables while performing as well as 
more complex models that use difficult and expensive to measure variables. The development of 
such predictive models of C stocks will require regional data from multiple sites, and the use of a 100 
flexible but robust modelling approach. 
One of the challenges in building predictive models is that focusing on the outcome of a 
single model is prone to statistical bias and underestimation of model uncertainty (Wöhling & 
Vrugt, 2008). Bayesian model averaging (BMA) overcomes this problem by accounting for the 
model uncertainty inherent in the variable selection problem. This is achieved by fitting a large 105 
number of models to the data, and then averaging over the best models in the model class 
according to approximate posterior model probability, to provide an averaged model (Raftery et 
al., 2009). This approach has been used successfully to deal with multivariate data sets in a range 
of research contexts, including soil science. For example, BMA has been used to make predictions 
of total soil C concentrations using loss on ignition data (Leon & Gonzalez, 2009), identify links 110 
between previous land-use, climate and soil carbon (England et al., 2016), and to model vadose 
zone hydrology (Wöhling & Vrugt, 2008). Recently, it has been used to develop predictive models 
of C in mangrove soils on a global scale (Jardine & Siikamäki, 2014). 
 Here, we develop a sampling scenario-based modelling approach coupled with BMA. The 
context for this work is the development of predictive models for absolute values in mixed-species 115 
woody plantings and differences from their adjacent pasture, litter stocks, soil C stocks, and soil 
C:N ratios. To build these models, we used an existing survey (Cunningham et al., 2015a) of 36 
environmental plantings and their adjacent pastures in south-eastern Australia. Our Bayesian 
sampling scenario-based approach was used to identify models that predicted the C variables 
using a suite of environmental variables. The sampling scenario-based approach involved building 120 
models using data sets ranging from variables that required intensive field work (e.g. vegetation 
properties, litter stocks, and local soils information) through to variables that could be extracted 
from existing data bases and maps (e.g. location, climate, soil type and age). The aim was to 
develop models that could predict the variables of interest using variables that can be collected 
with minimal effort and specialised analysis, in an effort to a) build predictive models for 125 
important C stocks and soil properties, and b) to explore a sampling scenario-based modelling 
approach. 
 
MATERIALS AND METHODS 
Data sources 130 
Predictive models for litter stocks, soil C stocks, soil C:N ratios in reforested pastures, and 
differences in soil C stocks and C:N ratios between tree plantings and their adjacent reference 
pastures, were built using data collected in the field and derived from a number of other sources 
(see below). Differences in C stocks, as well as absolute values, were included here as C accounting 
is based on the additionality that the difference measures provide, whereas the absolute values 135 
demonstrate actual stocks in the plantings. We have focused on litter stocks rather than litter C, 
because it is a relatively easily measured (e.g. by farmers) potential predictor for soil C stocks and 
C:N ratios. In addition, the available data set had litter stocks not C contents, and litter stocks 
could not be reliably converted to litter C stocks because of the high variability in the C 
concentration of litter among different tree species and developmental stages. 140 
The predictor variables used here were divided into three groups: derived predictors, 
planting data and pasture data (Table 1). Derived predictors included latitude, longitude, soil type, 
soil texture, landscape position (riparian or dryland), age of tree planting, mean annual rainfall, 
lifetime rainfall (of the planting) and maximum temperature of the growing season. The derived 
predictors included data from data bases (e.g. climate variables) and GIS layers (i.e. could be 145 
obtained without visiting a site), or site information provided by the land owners (e.g. planting 
age). Planting data included tree canopy extent, basal area of the trees and litter stock. Pasture 
data included: pasture (adjacent to the planting) soil C content and pasture (adjacent to planting) 
soil C:N. Both planting data and pasture data predictors were calculated from samples collected in 
the field during site visits. 150 
 
Field data 
Tree plantings were on grazing properties in northern Victorian, Australia (36.5 oS 146.0 oE). The 
climate in this region is temperate with seasonal changes in mean monthly maximum temperature 
(12.6–30.8 °C) and minimum temperature (2.9–16.5 °C), and a winter-dominant annual 155 
precipitation (570-715 mm yr-1, BOM, 2014). There were 36 tree plantings; 1-9 ha, 5-45 years post 
planting in 2010 when the soils were collected (see Cunningham et al., 2015a for a full description 
of field sites and sampling). Ten of the plantings were in riparian and 26 in upland (i.e. non-
riparian) positions. The sites were planted with a mixture of 2–15 regionally endemic trees and 
shrubs from the genera Acacia Mill., Allocasaurina L.A.S. Johnson, Callistemon R. Br., Eucalyptus 160 
L'Hér and Melaleuca L. The soils at the plantings were predominantly sodosols except for three of 
the riparian plantings that were on chromosols, according to the Australian Soils Classification 
(ABARES, 2004). 
Vegetation was surveyed (austral spring to summer, 2010) using three randomly-placed 
plots of 900 m2 at each planting. Stem diameter was measured at breast height (1.3 m high) for 165 
trees and at the base of shrubs (10 cm high) due to the multi-stemmed form of most shrub species. 
For each planting, total basal area was calculated from these diameter measurements.  
In the austral winter of 2010, soil C and litter stocks were estimated at each site of the 
chronosequence from a single plot (400 m2) within the tree planting and another plot in the 
adjacent pasture. The pastures were situated approx. 50 m from the planting, and were originally 170 
part of the same field as the tree plantings and along the same contour to minimize differences in 
soil type (see Cunningham et al., 2015a). The adjacent pastures, which continued to be grazed by 
stock, were sampled to determine differences in soil organic C between land uses, and to 
standardize for potential differences in soil characteristics and disturbance histories among the 
farms. At each sampling point, plant litter was collected destructively within a 25 cm × 25 cm 175 
quadrat. Plant litter samples were air-dried for two weeks, oven-dried at 60 °C for 48 h and 
weighed. After litter was removed, soils were sampled at the centre of the quadrat from upper (0–
5 cm) soil layer, with five independent samples collected. Additional samples were taken from 
three of the sampling points to measure bulk density (following, Minoshima et al., 2007). 
Gravimetric moisture was determined after drying approx. 20 g subsample of moist soil at 105 oC 180 
for 48 h. The remainder of each sample was air dried, sieved to < 2 mm and roots ≥ 1 mm 
diameter were removed by manual dry picking (Damsma et al., 2015). These soil samples were 
then ground to a fine powder and C and N content determined by dry combustion (vario MICRO 
cube, Elementar Analysensysteme GmbH, Hanau, Germany). Values of C concentration for each 
soil sample were converted to content (Mg ha-1) using the mean bulk density from the appropriate 185 
site. Digital photographs of the tree canopy were taken above soil cores in the tree planting. These 
images were then used to estimate canopy extent by placing a 25-cell grid laid over the image and 
counting the number of cells dominated by canopy (Cunningham et al., 2012). 
 
Derived data 190 
Derived variables were collated as follows. Latitude and longitude were recorded on site using a 
handheld GPS unit (GPS 60, Garmin). Soil type from the digital version of the Atlas of Australian 
Soils (ABARES, 2004) and soil texture from a GIS layer based on the Atlas of Australian Soils 
(McKenzie et al., 2000). Historical monthly climate data (1971-2000) were obtained for each 
planting (Queensland Government, 2014) to estimate mean maximum temperature of the 195 
warmest six months, mean maximum temperature over the growing season, mean annual rainfall 
and lifetime rainfall (cumulative rainfall over time since reforestation), as potential indicators of 
growth rates. Landscape position (Riparian or Upland) was included to test for potential 
differences in C sequestration between the tree plantings established at different landscape 




Generalized linear modeling with Bayesian model averaging (GLM with BMA) was used to 
determine strong predictors of C variables (see Hoeting et al., 1999, for a detailed description of, 205 
and background on, GLM with BMA). A key feature of GLM with BMA is that it accounts for the 
model uncertainty inherent in the variable selection problem by averaging over the best models in 
the model class according to approximate posterior model probability. Further, GLM with BMA 
differs from traditional (frequentist) GLM in that a probability is assigned to a given hypothesis, 
rather than a hypothesis being tested without a probability being assigned. BMA combines the 210 
predictions from multiple models by calculating a weighted average of those predictions. The 
weights used are the posterior model probabilities or the relative strengths of evidence in favour 
of each model (Raftery et al., 1997). The important outcome is that the averaged model is likely to 
be substantially more generalizable beyond the build data set than a model of best fit (e.g. 
maximum likelihood). An environmental variable with a probability of inclusion (Pr(inc)) > 0.75 215 
generally is considered a strong candidate for inclusion in the model and a ‘key predictor’ for the 
response variable (Thomson et al., 2007). The posterior mean coefficient for a predictor is a 
measure of the magnitude and direction of its relationship with the response variable. Prior to 
undertaking BMA with GLM, the data were checked for highly-correlated variables (r > 0.7), as 
they can influence the ability of this approach to resolve coefficients values for each predictor 220 
(Thomson et al., 2007) but none were identified. The ‘bic.glm’ function in the ‘BMA’ package of R 
was used for the analyses (Raftery et al., 2008). A Gaussian error distribution and link function 
were used in all GLMs to allow for non-linear relationships between the response and predictors. 
Results from the GLMs with BMA are presented as probabilities of coefficients for predictors being 
non-zero, estimates of these coefficients and the strength (R2) of relationships between the 225 
observed and predicted values of the variables of interest. We also present Bayesian Information 
Criterion (BIC) for each model, where models with a lower BIC value are deemed to be ’better’ 
(Schwarz, 1978). The following scenarios of decreasing data availability (i.e. sets of Predictor 
Variables – see above and Table 1) were used to develop the predictive models: 
Model Scenario 1. Potential predictor variables used in model construction were: derived 230 
predictors, planting data and pasture data. 
Model Scenario 2. Potential predictor variables used in model construction were: derived 
predictors and planting data.  
Model Scenario 3: Potential predictor variables used in model construction were: derived 
predictors, and pasture data. 235 
Model Scenario 4: Potential predictor variables used in model construction were: derived 
predictors. 
 
These model scenarios represent different levels of effort in data collection and the need 
to visit field sites. For example, Model Scenario 1 requires the measurement of structural 240 
properties in the planting, sampling soils from the adjacent pasture, which may be collected as 
part of routine soil testing (e.g. for fertilizer decision-making) and derived data. In contrast, Model 
Scenario 4 only requires derived data that could be compiled without a site visit. Thus, a model 
based on Scenario 4 that has similar predictive power as a model based on Scenario 1, may be 
deemed to be a more efficient option for making predictions.  245 
  
RESULTS 
Predicting litter stocks. 
The best model for predicting litter stock (Model Scenario 1) was based on tree basal area (Figure 
1a, Table 2). When data from the adjacent pasture soils was removed (Model Scenario 2), basal 250 
area remained the only predictor of litter stocks and the model showed negligible reduction in 
predictive power (Figure 1b, Table 2). Model Scenario 3 (derived data and adjacent pasture soils 
data) and Model Scenario 4 (derived data only) predicted litter stocks on the basis of the age of 
the tree planting (Table 2), but performed worse  (4-13% reduction in R2 values) than Model 
Scenarios 1 and 2 (Figures 1 c, d). 255 
 
Predicting soil C stock 
Soil C stocks in the tree plantings were best predicted by Model Scenario 1, which included the 
predictor variables latitude, growing season maximum temperature, litter stock, and pasture soil C 
stock (Figure 1e, Table 3). In Model Scenario 2, soil C stock was predicted with the same remaining 260 
variables, but with less predictive power (Figure 1f, Table 3). Model Scenario 3 predicted soil C 
stock with planting age better than Model Scenario 2, but less well than Model Scenario 1 (Figure 
1g, Table 3), using the predictor variables growing season maximum temperature, and pasture soil 
C stock. Model Scenario 4 predicted soil C stock using latitude, planting age and growing season 
maximum temperature (Figure 1h, Table 3), but performed less well than Model Scenarios 1-3. 265 
 
Predicting differences in soil C stock 
The difference in soil C stocks in the tree plantings was predicted by Model Scenario 1 with 
moderate (0.5 < R2 < 0.75) predictive power (Figure 1i, Table 4), and included the predictor 
variables latitude, growing season maximum temperature, litter stock, and pasture soil C stock. 270 
Model Scenario 2 predicted the difference in soil C stock with longitude (Figure 1j, Table 4) but 
with less predictive power than Model Scenario 1. The difference in soil C stock was predicted in 
Model Scenario 3 by the age of the tree planting, growing season maximum temperature, and 
pasture soil C stock (Figure 1k, Table 4). Although Model Scenario 3 outperformed Model Scenario 
2, it did not perform as well as Model Scenario 1 (compare Figures 1i-k). Model Scenario 4 275 
predicted the difference in soil C stock based on the age of the tree planting (Figure 1l, Table 4), 
but had little predictive power (R2 < 0.5). Importantly, the regressions of the observed versus 
predicted difference in soil C stocks were dominated by two data points with high leverage (see 
Figure 1i-l). Repeating the BMA with GLM analysis with these two sites excluded, Model Scenarios 
1 and 3 predicted the difference in soil C stock using Pasture C Content as the predictor (Model 280 
Scenario 1:  Pr(inc) = 1.0, Coefficient ± S.D.= -0.34 ± 0.01; Model Scenario 3:  Pr(inc) = 1.0, 
Coefficient ± S.D.= -0.38 ± 0.01) and yielded observed versus predicted plots with R2 values of 0.63 
for both models (data not shown); these R2 values are 3-7% lower than those for models using the 
full data set (i.e. compare to Figures 1i, k). Model Scenarios 2 and 4 failed to predict the difference 
in soil C stock when the outliers were omitted from the data set (data not shown). 285 
 
Predicting soil C:N 
The C:N ratio of soil from the tree planting was predicted by Model Scenario 1 with strong 
predictive power (R2 > 0.75) by including basal area of the tree planting and the C:N ratio of the 
adjacent pasture soil in the model (Figure 1m, Table 5). Simplifying the model (Model Scenario 2) 290 
yielded a model that included the basal area of the trees but had a lower predictive power (Figure 
1n, Table 5). In contrast, Model Scenario 3 predicted the C:N ratio of soil from the tree planting 
almost as well as Model Scenario 1 (5% reduction in R2) using the age of the tree planting, and the 
C:N ratio of the adjacent pasture as predictor variables (Figure 1o, Table 5). Model Scenario 4 
predicted the C:N ratio of soils from the tree planting on the basis of age of the tree planting but 295 
with little predictive power as indicated by a low R2 value (Figure 1p, Table 5). 
 
Predicting differences in soil C:N 
Moderate predictions (R2 = 0.63) of the difference in C:N ratio of soil between the tree planting 
and the adjacent pasture were provided by Model Scenario 1 (Figure 1q, Table 6), using basal area 300 
of the tree planting as the predictor. Model Scenario 2 performed equally well as Model Scenario 
1 (same R2 value) and included the same predictor variable (Figure 1r, Table 6). Model Scenarios 3 
and 4 both performed moderately well (R2 = 0.56 and 0.57, respectively), with both Model 
Scenarios including the age of the tree planting (Model Scenario 3: Figure 1s, Table 6; Model 
Scenario 4: Figure 1t, Table 6) as predictor variables. 305 
  
DISCUSSION 
Here, we present a new sampling scenario-based modelling approach for testing the utility of 
field-measured and remotely-derived variables. A key feature of this approach is that the best 
models is selected based on both the strength of prediction and the relative effort required to 310 
sample the predictor variables. For example, if two models have similar predictive power but one 
is based on more easily collected data, then it may present a more practical option for end-users. 
Using this approach, we were able to predict litter stocks, soil C stocks and soil C:N ratios in tree 
plantings, and differences in soil C stocks and soil C:N ratios between tree plantings and their 
adjacent pastures. The predictive power of the models varied considerably between variables of 315 
interest and model scenarios. For example, the models with the highest and lowest predictive 
power were for soil C:N ratios in tree plantings with Model Scenarios 1 and 4, respectively (Model 
Scenario 1 R2 = 0.8; Model Scenario 4 R2 = 0.3; see Figure 1). Generally, models that included all 
the field-measured and remotely-derived variables performed best, but this was not always the 
case. For some variables (litter stock, difference in soil C stock, soil C stock and difference in C:N), 320 
models built using simpler data sets had the same or similar predictive power to those built using 
the full set of potential predictor variables (e.g. compare observed versus predicted plots for 
Model Scenarios depicted in Figures 1 a-c, i & k, m & o, and q & r). The use of a scenario-based 
approach to build predictive models and their potential implications for monitoring soil C 
sequestration, are now discussed, as is the potential to use this approach to develop predictive 325 
models for other variables of interest. 
 
Litter stocks. 
In addition to being a significant C stock in tree plantings (Cunningham et al., 2015b), the litter 
layer is an intermediary between above-ground biomass C and soil C (Attiwill & Adams, 1993; 330 
Maguire, 1994). Litter stocks in the tree plantings were predicted with moderate accuracy by a 
simple model based on the basal area of a tree planting (Model Scenario 2). Including information 
on the adjacent pasture soil did little to improve the performance of this model. The inclusion of 
basal area in the model likely reflects the general relationship that the amount of litter inputs 
increases with tree size and density (Lehtonen et al., 2004). In support of this, model scenarios 335 
that did not include field estimates of vegetation in the tree plantings performed worse than those 
that did. In general, there was an approximate 5-10% reduction in the strength of prediction (R2 
values in observed versus predicted plots) for Model Scenarios 3 and 4 compared with Model 
Scenarios 1 and 2 (see Figure 1). Although the weaker models included the age of the planting as a 
predictor variable, which reflects the positive relationship between tree age, size and litter inputs, 340 
it is clear that age alone is not equal to information on the development of vegetation structure 
and species mix. Given that tree growth is influenced by factors including rainfall, temperature 
and soil fertility (Landsberg & Waring, 1994; Paul et al., 2015), all of which varied among farms and 
planting lifetimes (Cunningham et al., 2015a), this was not unexpected. 
Although measurement of basal area requires field work, it can be collected readily 345 
without specialized equipment or training. Advances in remote sensing suggest it may be possible 
to remotely estimate basal area with sufficient accuracy (Lefsky et al., 1999), thereby removing 
the need for site visits. However, the reliability of such an approach needs to be directly tested 
and validated, especially in evergreen forests where interference from the canopy signal may 
affect the accuracy of basal area estimates. Finally, it may be possible to predict basal area of trees 350 
using simple forest growth models (see Torres & Lovett, 2012). However, this would be 
complicated in mixed-species woody plantings where a range of species often are planted in 
unknown proportions, and whose relative abundance will change with stand development. 
Nevertheless, the development of allometric equations for a range of species commonly found in 
environmental plantings may help overcome this challenge (Paul et al., 2013). 355 
 
Soil C stocks 
Both soil C stocks in the tree plantings, and the difference in soil C stocks between the tree 
plantings and their adjacent pastures, were best predicted by models that included data from the 
tree plantings, adjacent pastures and derived variables. The better performing models for soil C 360 
stock and the difference in soil C stock included information on the location, climate, litter stock in 
the tree planting, and pasture soil C stock. This was not unexpected given that soil C stocks are 
affected by the amount and nature of biomass inputs, climate (especially mean maximum 
temperature) and soil chemistry (Lal, 2004). Interestingly, tree canopy extent was not identified as 
a predictor of soil C in any of our models, as it was in earlier work on a single site in the same 365 
region (Smith et al., 2012). However, this earlier study was at one farm with a strong contrast 
between plots with and without tree canopy, whereas the present study included a range of 
canopy cover among tree plantings.  
Models of soil C stocks and differences in soil C stocks that included data from the adjacent 
pasture soil data had higher predictive power than those using vegetation data from the planting 370 
(compare Figures 1f & g and Figures 1j & k). That soil C stocks were better predicted by models 
that included data from the adjacent pasture suggests the importance of differences in initial C 
stocks before reforestation to potential C sequestration (Paul et al. 2002). They may also reflect 
relationships between soil C and other underlying soil properties that may affects tree growth and 
C accrual. Models of soil C stocks and differences in soil C stocks based only on derived data 375 
performed poorly (see Figures 1h & l). This suggests that site-specific factors, such as species 
choice and past or present land management, are important determinants of soil C stocks 
following reforestation and, therefore, when building models for a region. With inclusion of 
additional site-specific information and a larger data set, it may be possible to build a stronger 
predictive model using only derived variables, or using process-based models (Parton et al., 1994; 380 
Coleman & Jenkinson, 1996; Paul et al., 2003; Viaud et al., 2010). 
 
Soil C:N ratios 
Of all the C variables, the C:N ratio of soils from the tree plantings was the most readily predicted. 
The best performing model (Model Scenario 1) included the age of the tree plantings and the C:N 385 
ratio of the adjacent pasture soils. The inclusion of planting age is consistent with earlier work 
showing that soil C:N ratios tend to increase with time since reforestation due to a concomitant 
increase in soil C and decrease in soil N with time since reforestation (Cunningham et al., 2012).  
The inclusion of adjacent soil C:N in the models is likely to have improved model performance by 
accounting for site-specific variation in soil C:N ratios, which may be due to inherent differences in 390 
soil properties and/or land management, as is the case for soil C (see above). The predictive power 
of the models was only marginally improved by including vegetation data from the tree planting 
(compare Model Scenarios 1 and 3, Figure 1 m & o), but not enough to justify the additional effort 
and expense required to collect vegetation data. However, model predictions may be improved by 
including other types of vegetation data, such as relative abundance of N-fixing trees, which can 395 
affect both soil N and C levels (Ussiri et al., 2006; Hoogmoed et al., 2014a, b). For example, while 
planting trees generally increases soil C, N-fixing trees can increase soil N while non-N-fixing trees 
can deplete soil N to support their growth. Consequently, we would expect soil C:N ratios to 
decrease under N-fixing trees relative to where tree plantings are dominated by non-N-fixing trees. 
This requires further investigation. 400 
Although typically not considered in C sequestration schemes, soil C:N ratios are important 
determinants of terrestrial C cycling via their impacts on soil biota involved in soil C cycling (Paul et 
al., 2002; Bardgett & Wardle, 2010). For example, a higher soil C:N ratio is often associated with a 
more stable soil C stock (Cunningham et al., 2015b). Thus, building robust models for soil C:N 
ratios in tree plantings is important. This may be especially true for efforts seeking to develop 405 
process models for soil C cycling at both the local and landscape scales (Viaud et al., 2010). 
 
A sampling scenario-based modelling approach. 
The value of the sampling scenario-based modelling approach developed here is highlighted by 
the models for predicting soil C:N ratios. Model Scenario 1 (for soil C:N in the tree plantings), 410 
which was based on data derived from existing GIS layers, and collected from the tree planting 
and adjacent pasture, had strong predictive power, but only marginally outperformed Model 
Scenario 3, which did not include the field-collected vegetation data. Thus, predictions of soil C:N 
can be made using derived data, and adjacent pasture data, which farmers may already collect as 
part of the fertiliser use decision making process, negating the need for a specific site visit. 415 
However, this does assume that soil sampling strategies for making fertiliser decisions are 
sufficiently rigorous to account for spatial variation in soil C, which may not always be the case 
(Cunningham et al., 2012). Although we caution here that the models developed here should not 
be extrapolated beyond the region from which they were developed (i.e. northern Victoria), many 
of the variables found to be strong predictors here should be considered as candidate predictor 420 
variables in other regions. 
The sampling scenario-based modelling approach has the potential to be adapted to a wide range 
of other contexts where data collection represents a major limitation, such as where sites are 
spread over large geographic areas, difficult to access locations, or where the cost of field 
sampling and analysis is prohibitively expensive. This is first attempt to use a sampling scenario-425 
based modelling approach to predict important C stocks following reforestation of former 
pastures. The best performing models were for stocks of soil C, plant litter stocks and soil C:N 
ratios. These predictions, and those for differences in soil C stocks and soil C:N ratios, are likely to 
be improved by a more comprehensive survey with more field sites and/or additional predictor 
variables. Nevertheless, this study demonstrates that with refinement, the sampling scenario-430 
based approach has the potential to develop models for these important C stocks and soil 
properties. This approach may reveal that the necessary accuracy of predictions can be achieved 
with remotely-derived data and avoiding intensive field work. 
 
Conclusions 435 
Here, a robust modelling technique (BMA with GLM) was combined with a sampling scenario-
based approach. The rational for this approach was to build predictive models for variables of 
interest with not only the least number predictor variables, but more importantly, with easily and 
ideally remotely-collected data. Although applied to the context of C sequestration, the sampling 
scenario-based approach developed here could be easily used to build predictive models for other 440 
variables in a range of different contexts, and would be especially valuable where the ease with 
which potential predictors variables can be collected varies. 
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a Difference refers to different in variable of interest between tree planting and adjacent pasture 
(see Materials and Methods). b Litter stock was only included as a potential predictor variable for 
soil C stocks and soil C:N ratios. 640 
Variables 
Response variables 
Soil C stock, tree planting (Mg ha-1 in 0-5 cm soil layer) 
Litter stock, tree planting (Mg ha-1) 
Soil C:N ratio, tree planting (0-5 cm soil layer) 
Differencea in soil C stock (Mg ha-1 in 0-5 cm soil layer)  
Differencea in soil C:N ratio 
Derived predictors 
Site Age (years since reforestation) 
Latitude (oS) 
Longitude (oE) 
Landscape position (riparian/upland) 
Soil Type (Australian Soil Classification) 
Soil texture 
Annual Rainfall (mm) 
Lifetime rainfall (cumulative rainfall over time since reforestation, 
mm)  
Mean maximum temperature over the growing season (oC) 
Planting data 
Basal area of trees (m2 ha-1) 
Canopy extent (%) 
Litter stockb, tree planting (Mg ha-1) 
Pasture data 
Pasture soil C stock (Mg ha-1 in 0-5 cm soil layer) 
Pasture soil C:N ratio (0-5 cm soil layer) 
Table 2. Probability of a non-zero coefficient in the predictor model [Pr(inc)] and Bayesian Information Criterion (BIC), for litter stock in the tree 
plantings, determined by BMA for Model Scenarios 1-4 (see text and Figure 1). See Table 1 for explanations of the predictor variables. 
 Model Scenario 1 Model Scenario 2 Model Scenario 3 Model Scenario 4 
Predictor Pr(inc)e Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD 
Intercept 1.00 -4.41 ± 79.2 1.00 -8.29 ± 92.19 1.00 -2.56 ± 146.1 1.00 -2.89 ± 148 
Derived predictors          
Planting age 0.62  0.62  1.00 0.34 ± 0.06 1.00 0.34 ± 0.06 
Latitude 0.08  0.09  0.29  0.30  
Longitude 0.09  0.12  0.19  0.20  
Landscape 
position 
0.37  0.43  0.19  0.22  
Soil type 0.06  0.06  0.09  0.10  
Soil texture 0.10  0.12  0.07  0.90  
Annual rainfall 0.07  0.07  0.08  0.10  
Lifetime rainfalla 0.64  0.59  0.35  0.36  
Mean max tempb 0.10  0.11  0.28  0.29  
Planting data         
Basal area 0.96 0.29 ± 0.12 0.94 0.28 ± 0.12 -  - - 
Canopy extent 0.06  0.08  -  - - 
Pasture data         
Pasture soil Cc 0.26  - - 0.10  - - 
Pasture soil C:N 0.05  - - 0.08  - - 
Model BICd -86.5  -86.1  -90.1  -89.2  
aCumilative rainfall over time since revegetation; bMean Max temperature over the growing season; cPasture soil C stock; dBIC = Bayesian Information 
Criterion; ePr(inc) = probability of inclusion. 645 
  
Table 3. Probability of a non-zero coefficient in the predictor model [Pr(inc)] and Bayesian Information Criterion (BIC), for soil C stock in the tree 
plantings, determined by BMA for Model Scenarios 1-4 (see text and Figure 1). See Table 1 for explanations of the predictor variables. 
 Model Scenario 1 Model Scenario 2 Model Scenario 3 Model Scenario 4 
Predictor Pr(inc)e Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD 
Intercept 1.00 -388.4 ± 675.8 1.00 -1115 ± 326 1.00 -293.8 ± 734.5 1.00 -1140 ± 361.0 
Derived predictors         
Planting age 0.26  0.10  1.00  1.00 0.41 ± 0.12 
Latitude 0.78 -13.99 ± 9.56 1.00 -26.66 ± 6.27 0.70  1.00 -26.81 ± 6.99 
Longitude 0.33  0.08  0.35  0.10  
Landscape position 0.15  0.08  0.21  0.09  
Soil Type 0.08  0.07  0.18  0.11  
Soil texture 0.07  0.07  0.14  0.09  
Annual rainfall 0.33  0.35  0.22  0.33  
Lifetime rainfalla 0.09  0.08  0.24  0.09  
Mean max tempb 0.79 2.81 ± 2.00 1.00 5.16 ± 1.57 0.85 3.50 ± 2.22 1.00 6.20 ± 1.87 
Planting data         
Basal area 0.08  0.09  - - - - 
Canopy extent 0.11  0.07  - - - - 
Litter stock 0.99 0.83 ± 0.27 1.00 1.01 ± 0.25 - - - - 
Pasture data         
Pasture soil Cc 1.00 0.51 ± 0.14 - - 1.00 0.59 ± 0.15 - - 
Pasture soil C:N 0.13  - - 0.16  - - 
Model BICd -81.1  -85.9  -80.2  -84.7  
aCumilative rainfall over time since revegetation; bMean Max temperature over the growing season; cPasture soil C stock; dBIC = Bayesian Information  
Criterion; ePr(inc) = probability of inclusion. 650 
  
Table 4. Probability of a non-zero coefficient in the predictor model [Pr(inc)] and Bayesian Information Criterion (BIC), for difference in soil C stock in 
the tree plantings, determined by BMA for Model Scenarios 1-4 (see text and Figure 1). See Table 1 for explanations of the predictor variables. 
 Model Scenario 1 Model Scenario 2 Model Scenario 3 Model Scenario 4 
Predictor Pr(inc)e Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD 
Intercept 1.00 -388.4 ± 675.8 1.00 617.2 ± 518.0 1.00 -261.2 ± 749.9 1.00 487.8 ± 560.9 
Derived predictors         
Planting age  0.26  0.35  1.00 0.42 ± 0.11 1.00 0.43 ± 0.11 
Latitude 0.78 -13.99 ± 9.58 0.19  0.68  0.18  
Longitude 0.33  0.79 -4.42 ± 3.21 0.36  0.63  
Landscape position 0.15  0.26  0.22  0.42  
Soil type 0.07  0.09  0.18  0.18  
Soil texture 0.07  0.07  0.13  0.11  
Annual rainfall 0.33  0.19  0.22  0.12  
Lifetime rainfalla 0.09  0.36  0.24  0.47  
Mean max tempb 0.79 2.81 ± 2.00 0.32  0.84 3.46 ± 2.21 0.45  
Planting data         
Basal area 0.08  0.54  - - - - 
Canopy extent 0.11  0.15  - - - - 
Litter stock 0.99 0.83 ± 0.27 0.40  - - - - 
Pasture data         
Pasture soil Cc 1.00 -0.50 ± 0.14 - - 0.97 -0.40 ± 0.16 - - 
Pasture soil C:N 0.13  - - 0.16  - - 
Model BICd -81.4  -84.8  -80.2  -84.7  
aCumilative rainfall over time since revegetation; bMean Max temperature over the growing season; cPasture soil C stock; dBIC = Bayesian Information  
Criterion; ePr(inc) = probability of inclusion. 655 
   
Table 5. Probability of a non-zero coefficient in the predictor model [Pr(inc)] and Bayesian Information Criterion (BIC), for soil C:N ratio in the tree 
plantings, determined by BMA for Model Scenarios 1-4 (see text and Figure 1). See Table 1 for explanations of the predictor variables. 
 Model Scenario 1 Model Scenario 2 Model Scenario 3 Model Scenario 4 
Predictor Pr(inc)e Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD 
Intercept 1.00 -4.30 ±36.70  1.00 29.22 ± 66.67 1.00 -28.16 ± 74.62 1.00 12.99 ± 26.12 
Derived predictors         
Planting age 0.15  0.21  1.00 0.11 ± 0.03 1.00 0.13 ± 0.04 
Latitude 0.09  0.11  0.16  0.07  
Longitude 0.08  0.16  0.28  0.06  
Landscape position 0.08  0.12  0.10  0.07  
Soil type 0.06  0.06  0.08  0.09  
Soil texture 0.35  0.20  0.10  0.08  
Annual rainfall 0.07  0.26  0.21  0.09  
Lifetime rainfalla 0.38  0.08  0.57  0.07  
Mean max tempb 0.23  0.07  0.15  0.11  
Planting data         
Basal area 0.98 0.13 ± 0.04 0.88 0.14 ± 0.07 -  - - 
Canopy extent 0.18  0.16  -  - - 
Litter stock 0.11  0.10  -  - - 
Pasture data         
Pasture soil Cc 0.08  - - 0.07  - - 
Pasture soil C:N 1.00 0.88 ± 0.13 - - 1.00 0.92 ± 0.14 - - 
Model BICd -88.1  -86.8  -87.1  -90.7  
aCumilative rainfall over time since revegetation; bMean Max temperature over the growing season; cPasture soil C stock; dBIC = Bayesian Information 
Criterion; ePr(inc) = probability of inclusion. 660 
  
Table 6. Probability of a non-zero coefficient in the predictor model [Pr(inc)] and Bayesian Information Criterion (BIC), for difference in soil C:N ratio 
in the tree plantings, determined by BMA for Model Scenarios 1-4 (see text and Figure 1). See Table 1 for explanations of the predictor variables. 
 Model Scenario 1 Model Scenario 2 Model Scenario 3 Model Scenario 4 
Predictor Pr(inc)e Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD Pr(inc) Coefficient ± SD 
Intercept 1.00 -9.52 ± 44.93 1.00 -12.43 ± 51.44 1.00 -33.30 ± 79.19 1.00 -0.35 ± 82.26 
Derived predictors         
Planting age 0.15  0.16  1.00 0.11 ± 0.03 1.00 0.11 ± 0.02 
Latitude 0.08  0.10  0.17  0.18  
Longitude 0.09  0.11  0.30  0.30  
Landscape position 0.09  0.11  0.09  0.11  
Soil type 0.07  0.08  0.06  0.07  
Soil texture 0.29  0.30  0.09  0.10  
Annual rainfall 0.09  0.10  0.23  0.26  
Lifetime rainfalla 0.57  0.63  0.66  0.70  
Mean max tempc 0.11  0.12  0.17  0.18  
Planting data         
Basal area 0.93 0.12 ± 0.05 0.93 0.12 ± 0.05 -  - - 
Canopy extent 0.15  0.17  -  - - 
Litter stock 0.16  0.17  -  - - 
Pasture data         
Pasture soil Cc 0.08  - - 0.06  - - 
Pasture soil C:N 0.12  - - 0.08  - - 
Model BICd -90.6  -89.2  -90.5  -88.3  
aCumilative rainfall over time since revegetation; bMean Max temperature over the growing season; cPasture soil C stock; dBIC = Bayesian Information 
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Figure 1. Relationships between observed and predicted values of C variables (see text and Tables 3‐7), for
Model Scenarios 14 for (a-d) litter mass, (e‐h) soil C stock, (i-l) difference in soil C stock, (m-p) soil C:N and
(q-t) difference in soil C:N. For graphs i‐l there are two points in each Figure with strong leverage; see text
for regression output with these values removed.
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